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Abstract

In this paper, we presenta methodto predict per-frame
decodingtimesof modernvideo decoderalgorithms. By
examiningespeciallythe MPEG-1,MPEG-2,and MPEG-
4 pt. 2 algorithms,wedevelopeda genericmodelfor these
decoders, which also appliesto a wide range of other de-
coders. Fromthismodel,wederiveda methodto predict de-
codingtimeswith an up-to-nowunmatchedaccuracywhile
keepingtheoverheadlow. We showtheeffectivenessof this
methodwith an exampleimplementationand compare the
resultingpredictionswith the actual decodingtimesusing
videomaterialfromcommercial DVDs.

1. Intr oduction
Schedulingcomplex real-timetasksis hardastheirresource
requirementsmay not be known. Currentlyfor video pro-
cessingonehasto work with worst-caseoverprovisioning
of resourcesor ungracefulquality degradation.Thefunda-
mentalproblemhereis thata videocodecsÕresourceusage
mostlydependsonthedatato beprocessed,thatis, thecur-
rentvideostream.Thecodecactssimilarly to aninterpreter
executinganinterpretedprogram.

To allow future systemsto overcome these limita-
tions,realtimeandQuality-of-Service(QoS)considerations
shouldbe applied[23, 16] to allow close-to-averagecase
resourceallocationandgracefuldegradationof quality. In
this paperwe presenta method for predictingthe required
resourceusagebasedon easilyobtainablemetadataabout
videostreams.Obviously, thismethodmustprovide thede-
codingtimewith signiÞcantlylowerresourceusagethanthe
actualdecoding.

Basedon this inferredahead-of-timeknowledge,better
CPUtime scheduling,gracefuldegradationin overloadsit-
uations,andenergy awareadaptationbecomepossible.Fu-
ture systemsemploying suchmethodscan provide better
QoSthancurrentonesor similar QoSwith fever hardware
resourcesby betterutilizing availableresources.

For example,avideoplayerwhosedecodingcomponent
cannotkeepup with the display speedand thereforehas
to skip decodingof framesshoulddo so consideringqual-
ity (i.e., introducederror) and resourcesavings (decoding

time). Close-to-averagecaseresourceallocationandgrace-
ful degradationof qualityareenablingmechanismshere.

Anotherpossibleapplicationarevideo editing systems,
wherethe usercanstackmultiple layersof video andap-
ply effects to them. Thesesystemsneedto decide,which
partsof the Þnaledit canbe calculatedon the ßy (during
playback)and which partsneedto be pre-rendered.The
pre-renderinghasto includeall critical partsto ensuresuf-
Þcientplaybackquality, but at the sametime, it shouldbe
reducedto theminimumto keeptheapplication responsive.

As mostof theseapplicationscenariosrequireahead-of-
time knowledgeof theresourceusageandbecausethepri-
marytaskin themediaapplicationsconsideredhereis video
decoding,with CPUtime beingthekey resource,this work
discussesaway to pre-determineper-framedecodingtimes
for recentvideo decodertechnologies. It is beneÞcial,if
the methodneedsto be calibratedonly oncewith a setof
sensiblesamplematerialandthenworks for a wide range
of content.We targetcalculatingthedecodingtimeson the
ßy for eachframe,becauseuserscannotbeexpectedto pro-
vide precalculatedtracedataor wait for its collection.This
ensuresthat the viewersexpectationof watchingarbitrary
videoswithoutpreprocessingdelaycanbefulÞlled.

We chosethe MPEG-1/2[4, 5] and MPEG-4 pt. 2 [6]
decoderalgorithmsas the key algorithmsto analyzebe-
causeof their wide acceptancein the video world andthe
availability of maturedecodersandencodersin sourcecode
underopen-sourcelicenses:MPEG-2is present on todayÕs
DVDs andin DVB [1]. Thoroughlytestedopen-sourcede-
codersoftware is available from the libmpeg2 project [7].
Sophisticatedencoderscanbe found in both the commer-
cial sectorandtheopen-sourcecommunity. MPEG-1shows
enoughsimilarity to MPEG-2to regardMPEG-1/2asone.
MPEG-4pt. 2 is onevideodecodingalgorithmspeciÞedin
theMPEG-4standardfamily. It is notascommonlyusedas
MPEG-2yet but is emerging. We usedecoderandencoder
codefrom theXviD project[10].

In this work we presenta predictor, which is fed with
only thecompressedvideodataandproducesestimatesfor
the executiontime of a decodercycle. The decoderitself
is not modiÞedin any way. Thepredictorshouldbeasin-
dependentof theactualdecoderimplementationaspossible
to allow futureupgradesto newerdecoderversionswithout



any majormodiÞcationsto thepredictor.
In thenext sectionwe discussrelatedwork andhow our

work relatesto the stateof the art. In Section3 we de-
scribeour approachÑ breakingdown the entiredecoding
of a frameinto varioussub-tasks.We achieve this by cre-
atinga genericdecodermodel,into which all examinedde-
codersandhopefullyawiderangeof futuredecodersÞt(see
Subsection3.1). We will thendiscusstheinßuenceof each
sub-taskon thedecodingtime in Subsection3.3. Addition-
ally wepointoutcharacteristicpropertiesof thestreamthat
correlatepositively with thedecodingtime anddiscussthe
extractionof valuesfrom thecompressedvideostreamthat
serve asmetricsto quantify the discussedproperties.The
mathematicsusedto calculatethe coefÞcientsof the lin-
ear combinationwill be explainedin Section4, followed
by commentson theimplementationof thegivenprinciples
in Section5. An evaluationof theresultsanda conclusion
togetherwith anoutlookconcludethepaper.

2. Relatedwork
Our work is foundedon previousresultsin theresearchar-
easof decoderalgorithmsandmathematics.We usedwell
known numericaltechniquessuchas the QR decomposi-
tion aswell asestablishedalgorithmslike theHouseholder
transformation[22]. This will be explainedin Section4.
Our ideashave beenÞrstimplementedon theDresdenRe-
altime OperatingSystemDROPS[9] and its video player
VERNER [20]. For resultssee[21]. Vernercan utilize
streamsfrom a real-timeÞlesystem[19] or real-timenet-
work connection[18], anddisplayscontentwith real-time
guarantees[13]. For this paperwe focussolely on the de-
codingstep.We usea Linux implementationasour experi-
enceshows that thenumbersarenot signiÞcantlydifferent
and measuringentire DVDs is more complex on DROPS
dueto memoryconstraints.We adaptedopen-sourcecode
from thelibmpeg2 [7] andXviD [10] projects.

Decodingtimepredictionhasbeenaresearchsubjectbe-
fore, so previous resultsexist. Altenbernd,Burchard,and
Stappertpresentananalysisof MPEG-2executiontimesin
[11]. The commonideabehindtheir work andours is to
gain metricsfrom thevideostreamthatcorrelatewell with
thedecodingtime. However, thereareconsiderablediffer-
encesin bothapproaches:Altenberndet al. divide thede-
coderin two phases,usingdataextractedin theÞrstphase
to predictthedecodingtime of thesecondphase.We want
to avoid suchheavy modiÞcationsto existing decodercode
andratherprovide a solutionbasedon preprocessing.We
alsomodel the decoderasa sequenceof differentphases,
but our division will be moreÞnegrained(seeFigure1).
They alsoexamineworst-caseexecutiontimes,usingsource
codeanalysis,to completelyavoid underestimations. We
donotwantto rely on thespeciÞcsourcecode,becausethe
efforts of the analysishave to be repeatedwhen the code
changesdueto optimizations.This simpliÞcationallows us
to generalizeour methodto targetmoredecodersthanjust
MPEG-2.Becausewe cannotsafelyavoid underestimation

with ourapproach,wehaveto settlewith asoft-realtimeso-
lution, but theresults arestill importantbecausethequality
assuringschedulingalgorithmQAS [14] developedat TU
Dresdenworkson thebasisof a probabilitydistribution for
executiontimes. It remainsan areaof future researchto
deriveworst-caseexecutiontimeswith ourmethod.

Another similar analysishasbeenconductedby Andy
Bavier, BradyMontz, andLarry L. Petersonin [12], but is
also limited to MPEG-1/2. They focusmoreon decoding
timesat thegranularitylevel of network packets,anddonot
targettransferabilityof theresultsbetweendifferentvideos.
Yet they alsofollow the pathof predictingdecodingtimes
by extractingmetricsfrom thestream.

3. DecoderAnalysis
Thissectiondealswith internalsof theMPEGvideocoding
schemes.Thoseunfamiliar with this subjectareinvited to
referto [17] for someintroductoryreading.

3.1.DecoderModel
By looking into the innerworkingsandfunctionalpartsof
the decoderalgorithmsin consideration,we establisheda
decodermodel,genericenoughto be applicableto a wide
rangeof algorithms. The simple basic structureof the
model can be seenin Figure 1: The decoderis modeled
asachainof functionblocksthatareexecutediteratively in
loops.Becauseweareconcentratingonexecutiontimes,the
edgesof thegraphrepresentlogicalcontrolßow ratherthan
dataßow. Controlstartsat thebitstreamparsingblock and
implicitly endswith postprocessingwhenthe compressed
datastreamends.

Everyfunctionblockbut theÞrstcanhavemultiplealter-
nativeandcompletelyseparatedexecutionpathsin thesame
decoderalgorithm. Thoseexecutionpathswould be cho-
senamongstby context dataextractedfrom thecompressed
videostream,like a frametype. As a notablespecialcase,
thefunctionblockscanhaveaÒdo-nothingÓexecutionpath.
In the following we discusseachblock andexaminetheir
inputandoutput.

3.1.1.Bitstr eamParsing The bitstreamparsingreceives
the compressedvideo streamfor every frameandextracts
meta-andcontext-information from the streamthat is re-
quiredto controlthefollowing decodingsteps.

3.1.2. Decoder Preparation When decoderalgorithms
exploit temporalredundancy, they oftenwork with previous
images.Thosemayneedto becopiedor modiÞedwithout
disturbingexisting images.

3.1.3.Decompression This functionblock is theÞrstthat
is executedinsidea per-macroblockloop. A macroblockis
a 16! 16 pixel areaof the target imagewhosecompressed
datais storedconsecutively in the datastreamand that is
decodedin oneiterationof theloop.

The data neededto further decodethe macroblockis
storedusinga losslesscompressiontechnologylike Huff-
man[15]. This compressionis reversedin this stepandthe
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intermediatedatais keptin abuffer. In additionto themac-
roblockdataitself, eachmacroblockmaycomewith meta-
datalikeamacroblocktypeor otherinformationfor follow-
ing decodersteps.As a specialcase,a macroblockmight
consistentirely of suchcontext dataandnocompressedim-
agedataatall.

3.1.4.InverseScan Becausetheresultingvideoimageis
two dimensional,thetransformsusedlater in thecompres-
sion are two dimensionalas well. However, the decom-
pressedmacroblockwe receivedfrom thepreviousstageis
aonedimensionallist of bytes.Thoseneedto berearranged
asa2D matrix. Becausethiswouldpartlycountereffect the
precedingentropy compressionstep,this reorderingis not
donein a line-by-linefashion,but in adifferent,oftendiag-
onalpattern.

3.1.5. CoefÞcientPrediction Decoderscan analyzethe
matrix to try to reconstructimagefeaturesthat have been
compressedaway by extrapolatingadditionaldatafrom ex-
istingdataon thecoefÞcientlevel.

3.1.6.InverseQuantization Duringencoding,thematrix
of eachmacroblockhasbeenmultipliedwith aquantization
matrix, which, more thanall othersteps,makes the com-
pressionlossy. The quantizationis reversedbeforedecod-
ing proceedsby multiplying with an inversequantization
matrix.

3.1.7.InverseBlock Transform Themacroblockmatrix
wedealtwith in thepreviousstepswasnotnecessarilyin the
spatialdomain.Sotherows andcolumnsof thematrix are
notdirectlymappedto theimageÕsx andy coordinates.The
algorithmsusuallychoosea differentdomain,in which op-
erationslike thequantizationandcoefÞcientpredictionare
fairly simplematrixoperationsandÞt thevisualperception
modelusedby thealgorithmin their effect on theÞnalim-
age.A commondomainis thefrequency domain,whichhas
thenicepropertythatquantizationin thefrequency domain
will graduallysmoothoutdetailsin thespatialdomain.

Thisdecoderstepnow transformsthemacroblockmatrix
into thespatialdomain,which involvescomplicatedmath-
ematics,sometimeseven with ßoatingpoint calculations.
Theresultingspatialmatrix correspondsto a portionof the
Þnalimageandhasthesamedimensionsasthemacroblock
matrix.

3.1.8.Spatial Prediction The spatialand temporalpre-
diction stepsdescribednow usepreviously decodeddata
of either the sameframe(spatialprediction)or a different
frame(temporalprediction)to reconstructor merelyguess

thepartof theimagebeingcoveredby thecurrentlydecoded
macroblock. This stepcan potentially be executedat the
sametime astheSteps4 (inversescan)to 7 (inverseblock
transform),but we will not pursuethis parallelism,because
the commonlyavailabledecoderimplementationsaresin-
gle threaded.The outcomeof the inverseblock transform
is thenaddedto or otherwisemergedwith thispredictionto
reducetheresidualerrorbetweenthetwo.

3.1.9.Temporal Prediction TodayÕs decoderalgorithms
beneÞt tremendouslyfrom temporal redundancy in the
video. The most basic idea is to not always storeentire
video images,but to storethe differencesto the previous
image. This hasbeenextendedover decodergenerations
to allow otherreferenceimagesthanjust the previous one
andto compensatefor motionby storingtranslationvectors
with the macroblocks.It even includesrotatingandwarp-
ing partsof the referenceimage,compressingthe motion
vectorsby applyingprediction to themor weightedinter-
polationbetweenareasof multiple referenceimagesin the
mostsophisticatedalgorithms.

The merging of the results of prediction and inverse
transformendsthe per-macroblockloop (denotedby " ).
Executionwill continuewith thedecompressionof thenext
macroblock. It shouldbe notedthat mostalgorithmsbun-
dle consecutively storedmacroblockswith commonprop-
ertiesin a socalledslice. This bundling is not yet relevant
for considerationsaboutexecutiontime,but it will become
moreinterestingwhenalgorithmsstarttoassociateaseman-
tic with slices,for examplemarkingslicescontainingmore
importantpartsof theimagelikeobjectsin theforeground.

3.1.10.Post Processing Postprocessingappliesa setof
Þltersto the resultingimageso that compressionartifacts
are reducedand the perceived imagequality is enhanced.
However, with todayÕs algorithms,postprocessingis often
optional, so in realtimeapplications,a video decodercan
skip the post processingstageif the scheduledCPU time
is exceeded.Therefore,we will not analyzethe execution
time of the postprocessingstageandexaminethe manda-
tory partsof thedecoding.

3.2.MPEG-4 part 2
We will now give a brief overview on how MPEG-4pt. 2
Þtsinto thefunctionblocksof thedevelopeddecodermodel
usingthesamenumerationasin Figure1.

1. ThebitstreamparserhandlesthepacketizedMPEG-4
video elementarybitstream. Syntaxelementsarenot



byte aligned. The stream can containa complexity
estimationheader, which storesinformationwe could
usefor our metricsextraction,like DCT block counts.
Unfortunatelythis headeris optionalandthecommon
encoderimplementationsdo not use it, so existing
videoswould have to be reencodedwith an extended
encoderto beneÞtfrom this header.

2. The P-, B-, and S-framesusea specialtreatmentof
the edgesof the referenceframesfor motion vectors
beyondtheframeboundaries.

3. The bitstreamusesseveral tablesfor variable length
codingof thecoefÞcientsandthemotionvectors.

4. Varyinginversescantablesareavailable.
5. The coefÞcientpredictiontreatsboth the DC coefÞ-

cient and the AC coefÞcientsby copying rows from
macroblocksabove and columns from macroblocks
left of thecurrentposition.

6. Theinversequantizationusesa quantizationmatrix to
scalethecoefÞcients.Adaptivequantizationby chang-
ing thematrixwithin oneframeis possible.

7. Theblock transformis theIDCT.
8. Thereis nospatialpredictionin MPEG-4pt. 2.
9. Thetemporalpredictionis a motioncompensationus-

ing one forward and one backward referenceframe
with up to quarterpixel accuracy andmacroblocksub-
blocking.TheS-frameusesonereferenceandshiftsor
warpstheentireimageusingglobalmotionvectors.

10. MPEG-4 pt. 2 containsan optional post processing
stepwith differentquality levels.

Other decoderalgorithmscan be similarly mappedto the
stepsof themodel.For MPEG-1/2weshow this in [21].

3.3.Metrics for DecodingTime
Using theXviD [10] implementationof theMPEG-4pt. 2
algorithmanda selectionof examplevideos,we measured
theper-frameexecutiontime spentinsidethevariousfunc-
tionblocksona400MHz PentiumII machine.Theexample
videoslistedin Table1 spanavarietyof streamparameters,
which is necessaryto evaluatetheir inßuenceon thedecod-
ing time.

TheproÞlingfacility includedin theXviD implementa-
tion hasbeena good startingpoint for a logical splitting
of the decoder. It is interestingto note that over 50% of
thedecodingtime for every frameis spenton temporalpre-
diction, so this step is most important (averagehasbeen
takenoverall samplevideosfrom Table1). Wewill now go
throughthe variousfunction blocksof the decodermodel
andshow how their decodingtime canbe estimatedusing
valuesderivablefrom thestream.

3.3.1.Bitstr eam Parsing (Step 1) Becausemost of the
parsingtakesplaceat themacroblocklevel, we canexpect
theexecutiontime for this stepto becloselyrelatedto the
amountof pixels per frame, becausethe amountof mac-
roblocksto parsecorrelateswell with theamountof pixels.
This works for I-framesascanbe seenin Figure2. (The
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Figure 2. Estimating the bitstream parsing time for I-
frames.
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Figure 3. Estimating the bitstream parsing time for B-
frames (1).
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Figure 4. Estimating the bitstream parsing time for B-
frames (2).

samplesappearin clustersbecausethe pixel count is con-
stantthroughouteachvideo.)

However, the P-, B- andS-framesshow a differentbe-
havior. We chosetheB-framesto demonstratethis in Fig-
ure3, theP- andS-framesbehave similarly. Becausethese
frame typesallow a greatervariety of coding optionsfor
eachmacroblockthantheI-frames,which naturallyconsist
entirelyof intracodedmacroblocks,theamountof bytesper
non-I-framehasan inßuence,too. As canbe seenin Fig-
ure4, theresultimproveswhentakingthis into accountby
calculatinga linear combinationof pixel count and bytes
perB-framethatmatchestheexecutiontimebest.This idea
alsoworksfor P- andS-frames.

3.3.2.DecoderPreparation (Step2) TheMPEG-4pt. 2
algorithmextendstheedgesof referenceframesbeforethey
areusedfor temporalprediction.Becausethelengthof the
image edgescorrelateswith the squareroot of the pixel
count, we would expect a squareroot matchbetweenthe
pixel countandthe executiontime for this step. Figure5
shows exemplaryfor P-framesthat this assumptionis cor-
rect.TheB- andS-framesbehavethesameandfor I-frames,
thereareno referenceframesto bemodiÞed.



Diagr. sym. Videoname Duration Resolution Size ProÞle Properties Source
AMZa Amazondocumentary 1:37min 1440! 1080 97MB ASP highqualityHD content,detailedimages Downloadfrom [8]
MTRa Movie trailer "The

SweetestThing" 1:13min 720! 576 8.6MB ASP dynamic,fastcuts advertisingDVDMTRs 63MB SP
VOYs Voyager 1:20min 352! 288 13MB SP low in movement,noisyimage TV recording
IBMa IBM Linux commercial

"Prodigy" 1:50min 352! 240 508KB ASP low in movement,many monochrome
shapes,ASPversionhighly compressed IBM website(now at [3])IBMs 2.8MB SP

Table 1. The sample videos used in the decoding time analysis (SP=simple visual proÞle, ASP=advanced simple proÞle). The
videos have been transcoded to MPEG-4 pt. 2 with varying encoder settings to investigate the effects of all proper ties .
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Figure 5. Estimating the decoder preparation time for
P-frames.
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Figure 6. Estimating the decompression time for I-, P-,
B- and S-frames.
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Figure 7. Estimating the coefÞcient prediction time for I-,
P-, B- and S-frames.

3.3.3.Decompressionand InverseScan(Steps3 and 4)
The decompressionshouldbe the dominanttaskhere,be-
causetheinversescanis aseasyasselectingascantableand
thenusingonetablelookup for every decompressedcoef-
Þcient.Theexecutiontime thereforecorrelateswell across
all frametypeswith the per-framelengthof the bitstream.
Figure6 shows thematch.

3.3.4. CoefÞcient Prediction (Step 5) The coefÞcient
predictionis only donefor intracodedmacroblocks,so the
executiontimeof thisstepcorrelateswith theirnumber. In-
tracodedmacroblockscanoccurwithin every frame type,
but theestimationworksequallywell for all typesasshown
in Figure7.

3.3.5.InverseQuantization (Step 6) The inversequan-
tization is doneoncefor every macroblock,so this corre-
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Figure 8. Estimating the inverse quantization time for I-,
P-, B- and S-frames.
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Figure 9. Estima ting the inverse bloc k transf orm time for
I-, P-, B- and S-frames.

lateswell with thetotalmacroblockcount.Themacroblock
countshouldnot bemistakenfor a scaledpixel count. Be-
causeof notcodedmacroblocks,thepixel countonly yields
anupperboundfor themacroblockcount.Thediagramfor
all frametypescanbeseenin Figure8.

3.3.6.InverseBlock Transform (Step7) As with thein-
versequantization,thetotalmacroblockcountgivesagood
estimate,asFigure9 shows. Thereis still deviation from
the linear match,which might stemfrom eithercacheef-
fectsordifferentamountsof zerovaluesin themacroblocks.
Dependingon theimplementation,algorithmscanbefaster
whenmorecoefÞcientsarezero.However, lookinginto that
hasthe disadvantageof increasedpredictionoverhead,so
we decidedagainst it, as the potentialgain in accuracy is
small.

3.3.7.Temporal Prediction (Step8) Thisstepis themost
time consuming.Unfortunately, its executiontime is also
thehardesttopredict.Becausemotioncompensationisonly
donefor intercodedmacroblocks,onemight betemptedto
derivetheexecutiontimefrom thecountof intercodedmac-
roblocks.Figure10shows thatthis fails.

Thereasonis thattherearevariousdifferentmethodsof
motion compensationdueto macroblocksubblockingand
different storagetypesfor motion vectors. Theseoptions
areindependentof themacroblocktype.Distinguishingbe-
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Figure 10. Estimating the temporal prediction time for
P-frames (1).
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Figure 11. Estimating the temporal prediction time for
P-frames (2).

tweenall thesemethodsandaccountingfor themindivid-
ually is problematic,becausetherearetoo many combina-
tionsandcoveringthemall with samplevideosis difÞcult.

But whenlooking at thebiggerpicture,we realizedthat
motioncompensationis basicallyjust copying pixels from
a referenceimageinto the currentframe. Becauseof half
pixel or quarterpixel accuracy andthenecessaryinterpola-
tion andÞltering,onepixel copy operationcanrangefrom
1 to 20 memoryaccesses.Therefore,thenumberof mem-
ory accessesinto the referenceframeshouldresultin a far
betterprediction. Of coursethis numbercannoteasilybe
measureddirectly, but looking at thecodefor motioncom-
pensation,wecancountthememoryaccesses.Notethatall
decoderimplementationsmustaccessthe sameamountof
data,becauseof therequiredinterpolation.We assumethat
no decoderimplementationwill make many superßuous
memoryaccesses,so their countshouldbe similar across
implementations.

Dependingonthelowerbitsof themotionvectors,which
differentiatebetweenfull, half or quarterpixel references,
we createda formula to calculatethe numberof memory
accesses.For that, the motion vectorsneedto be decoded
completely, whichtakestimeandincreasespredictionover-
head. However, becausethe temporalpredictionaccounts
for a big portionof theoverall decodingtime,we think this
stepis necessary. We will show theeffect on theoverhead
in Subsection6.2.1.Thepromisingresultsfor P-framescan
beseenin Figure11. Thisworksequallywell for B-frames.

It maybeabit surprisingthatmemoryaccessesalonees-
timatetheexecutiontimesowell, giventhatdifferentinter-
polationandÞlteringis donefor full, half andquarterpixel
accesses.Weassumethatwith todayÕsprocessors,thesead-
ditional operationsarecoveredup by thememoryaccesses
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Figure 12. Estimating the temporal prediction time for
S-frames.
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Figure 13. Estimating the merging time for P-, B- and
S-frames.

becauseof parallelexecution.To verify this assumptionon
a differenthardwarearchitecture,this estimationhasbeen
run on a PowerPC(MPC7447a)machine,which showed
similar resultsfor P- andB-frames. Thematchwasnot as
linear asin Figure11, but still correlatedwell (correlation
coefÞcient0.998).

S-frames,however, encompassglobal motion compen-
sation(GMC), soadifferentapproachis requiredhere.Be-
causewe did not want to look into the morecomplicated
(hard to predict) warping algorithm, we just countedthe
numberof macroblocksusingglobalmotioncompensation
andcalculatedalinearcombinationof thememoryaccesses
from non-GMCmacroblocksandtheamountof GMC mac-
roblocks to match the execution time. The good results
shown in Figure 12 indicate that the execution time per
GMC macroblockis fairly constant.
3.3.8.Merging (Step " ) The merging combinesthe re-
sults of the temporal prediction with the decodedmac-
roblocks,so a linear matchof intra- and intercodedmac-
roblock counts should estimatethe execution time well
enough. Becausethis stephasonly a small inßuenceon
thetotal decodingtime,we cantoleratethedeviationsseen
in Figure13
3.3.9.Summary We have now establishedwhich metrics
are useful to get reasonableestimationsfor the execution
time of the variousstages.It is evident that the separation
of thedecodingprocessinto thesuggestedstepssimpliÞes
Þndingusefulmetrics,becausethedecodingtime behavior
of theindividual functionblocksis mucheasierto overlook.
Thetimerequiredfor theentiredecodingprocessis thesum
of the separateexecutiontimes,so thesemetricswill also
allow predictionsfor theframedecodingtimes.Themetrics
are:

¥ Pixel count,



¥ Squarerootof pixel count,
¥ Bytecount,
¥ Intracodedmacroblockcount,
¥ Intercodedmacroblockcount,
¥ Motion compensationreferenceframe memory ac-

cesses,and
¥ Globalmotioncompensationmacroblockcount.

With similar considerationsaspresentedfor MPEG-4pt. 2,
we have selectedmetricsfor the predictionof MPEG-1/2
[21]. In Section5 we will discusshow to actuallyobtain
thesemetrics.

4. Numerical Background
We have now extracteda set of q metric valuesfor each
frameof the video. In a learningstage,on which we will
presentdetailsin Section5, we will receive a metricvector
mi andthemeasuredframedecodingtime ti for eachof a
total p frames(i = 1. . . p). Accumulatingall the metric
vectorsas rows of a metric matrix M and collecting the
framedecodingtimesin acolumnvectort, wenow wantto
derive a columnvectorof coefÞcientsx, which will, given
any metricrow vectorm, yield a predictedframedecoding
time m x. Becausethe prediction coefÞcientsx must be
derived from M andt alone,we model the situationasa
linearleastsquareproblem(LLSP):

#M x $ t#2
e % min

x

That meansthe accumulatederror betweenthe prediction
M x and the measuredframe decodingtimes t is mini-
mized. The error is expressedby the squareof the Eu-
clideannorm of the difference-vector. Becauseof its in-
sensitivity againstbadlyconditionedmatricesM , wechose
QR decompositionwith HouseholderÕs transformationas
themethodto solvetheLLSP. For amoredetailedexplana-
tion of the involved mathematics,pleaserefer to literature
suchas[22, 21].

4.1.Metric Selectionand ReÞnement
For the generalproblemof metric Þndingwe seetwo ap-
proaches:(a) First,a domainexperthasto modeltheprob-
lem usingsmallersub-steps.Then,by looking at thework
donein the sub-steps,he hasto guessinterestingmetrics
which canbeeasilyobtainedfrom thedatato beprocessed
and which correlatewith the work donein the sub-steps.
Theseselectedmetricsare thenveriÞedwith obtainedre-
sourceusagestatisticsof theoriginal problem.(b) Second,
for moresimpleproblems,onecouldgetusefulresultswith-
outsplitting uptheoriginalprobleminto smallerpiecesand
without a domainexpert selectingmetrics. Onecould just
useall easilyavailablemetricsandtry to Þndthe relevant
metricsby validatingit againstmeasureddata.In bothcases
only thosemetricsarerelevant for our approachwhich can
beobtainedwith muchlessresourceusagethansolvingthe
original problem.

For this paperwe took theÞrstapproach,asthedomain
is highly complex anda lot of differentmetricsareavail-
able. For bothapproachesanautomaticmethodfor metric
validationis required,whichwedescribein thefollowing.

In general,it shouldbepossibleto feedtheLLSP solver
with sensiblemetricsandit shouldÞgureoutwhichonesto
useandwhich onesto drop by itself. Of course,the best
resultfor thelinearleastsquareproblemis alwaysachieved
by using as many metricsas possible,but one of the de-
signgoalsis to maketheresultstransferableto othervideos,
whichmightnotalwaysworkwhenusingmetricstoogreed-
ily. Using too many metricscan leadto overÞttingto the
trainingmaterial,leadingto badpredictionsfor videosnot
includedin the training set. The main causefor this are
similarities of columnswith linear combinationsof other
columns.Thespecialcaseof this situationis anactual lin-
eardependency, resultingin a rank-deÞcientmatrix. This
leadsto instabilitesin the resultingcoefÞcients,suchthat
we canincreasecertaincoefÞcientsandcompensateby de-
creasingotherswith little or no inßuenceon theprediction
results. The bareboneLLSP solver will alwayssearchfor
theoptimalÞt,which might betoo speciÞcto predict other
videoÕs decodingtimeswith the resultingcoefÞcients. To
overcomethis problem,we dropmetricsbeforesolvingthe
LLSP, deliberatelymakingtheÞt lessgoodfor thetraining
set,but moretransferableto othervideosoutsidethe train-
ing set.

In the resultingR matrix of a QR decomposition,the
remainingerror, calledresidualsumof squares,for an n-
column matrix is the square of the value in the nÕth col-
umn of the nÕth row. This value indicatesthe quality of
the prediction: The smaller, the better. If we have to drop
columnsfor transferability, we want to do so without too
muchdegradationon the quality of the result. Therefore,
we iteratively drop columnsand thenchoosethe one that
bestÞtsourgoals,but resultsin thesmallestincreaseof this
error indicator. A lineardependency or a situationcloseto
it canalsobedetectedwith this indicator: If we dropa col-
umnandthereis only a minor increasein theresidualsum
of squares,thedroppedcolumnhadlittle to no inßuenceon
the result,so the columncanbe sufÞcientlyapproximated
asa linearcombinationof others.We proposeanalgorithm
to eliminatesuchsituationsin [21].

5. Metrics Extraction and LLSP Solver
Weusedanopen-sourcedecoderfor theextractionwith ad-
ditional instructionsto collect the desiredmetrics. We re-
moved all actualdecodingcode,so that only the required
bitstreamparsingremained,creatingour metricscollector.
For MPEG-1/2,thelibmpeg2decoderlibrary [7] in version
0.4.0andfor MPEG-4pt.2, theXviD library [10] in version
1.0.3havebeenused.Ourstripped-down parsershaveabout
20% LoC (eachca. 4,000)of theoriginal librariesandrun
completelyindependentlyof theactualdecodingsteps.

The LLSP (linear leastsquareproblem)solver and the
collectorsupporttwo phasesof operation:



¥ Learning mode, in which the collector accumulates
metricsanda timed unmodiÞeddecodingstepdeliv-
ersrealframedecodingtimes,

¥ Predictionmode,in which previously obtainedLLSP
coefÞcientsaremultiplied with online-collectedmet-
rics to predictframedecodingtimes.

During learningmode,the solver collectsmetric valuesin
a matrix. If the dataaccumulationis Þnished,the coefÞ-
cient vectorx is calculatedwith the enhancedQR decom-
position presentedabove. This stephasa complexity of
O(p &q4), whereq is typically Þxed andsmall, compared
to p beingunbound.Therefore,thevideo lengthhaslinear
impactwhichis whatyouwouldexpect.Theresultingcoef-
Þcientsarethenstoredfor usein predictionmode,typically
onvideosotherthanthosein thelearningset.

In both learningandpredictionmode,the potentialfor
decoderframereorderinghasto betakeninto account.De-
tailson this canbefoundin [21].

6. Results
We will now presentdecodingtime predictionson real-
life videomaterialtakenfrom commercialDVDs (complete
movies), covering a hugefeaturevariety. We alsodiscuss
the predictionoverhead,how to choosea sensibletraining
set, and whereto apply the prediction. BecauseMPEG-
4 pt. 2 is oneof our maincontributionswe discussMPEG-
1/2 resultsonly verybrießy.

6.1.ChoosingVideosfor Learning Mode
The videosusedin learningmodehave to spanthe entire
featureset of the decoderand eachof the metricsneeds
to vary at leastonce. For MPEG-4 pt. 2, the video clips
needto cover both thesimpleandtheadvancedsimplevi-
sualproÞlesto representthefeaturecombinationsof theal-
gorithmsufÞcientlywell. To calculatethe inßuenceof the
pixel count the training videosmustdiffer in their resolu-
tion. The training videosand the video materialusedfor
veriÞcationin the following arecompletelydisjunct. One
couldprobablygain evenmorepredictionaccuracy by tun-
ing thetrainingsettowardscertainusecases,but wedid not
yetexplorethispossibility.

6.2.Prediction Accuracy and Overhead
Framedecodingtimepredictioncouldbedoneanywhere

from the actualencodingstepuntil directly beforedecod-
ing. We seethreeuseful methods: First, directly on en-
coding,by embeddingrelevantmetricinto thestream,such
that the last predictionstepon the target machinewill be
extremelycheap.However, the decoderhasto be adapted
to usethis information. Second,by usinga strippeddown
streamparserasdescribedin Section5 andrunning it di-
rectly beforethe decodingcomponent.In this case,addi-
tional streamparsingoverheadoccurs,but no changeis re-
quired in the decoder. And third, directly in the decoder,
such that metadataextraction has to be done only once.
Here,theactualstreamparsingwould have to besplit into
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Figure 14. Predicted and measured frame decoding
times and the absolute error for "The Sixth Sense".
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Figure 15. Histogram for the relative error of "The Sixth
Sense" decoding time prediction.

two phasesassuggestedin [11]. For thelast two casesone
requiressomeframesbeingbufferedto actuallyutilize the
schedulinginformation.

In thefollowing we will discussthesecondmethodasit
is the leastinvasive, thereareno changesrequiredfor the
video streamsor the decoder. If onestrivesfor a solution
with evenlessoverhead,ourprediction approachdoeswork
with all threeof them.

Thecodecsin usewereoptimizedfor thetargetCPUand
usedtheavailableSIMD extensions(MMX, SSE,Alti vec),
except for the XviD codec, where no working Alti vec-
optimizationwasavailable.

6.2.1.MPEG-4 pt. 2 We usedthetwo IBM commercials
andthe two movie trailersfrom Table1 on page5 to train
the coefÞcients. We played thesefour clips in learning
modeon a 1.5GHz AMD Sempron2200+machineto cal-
culatethecoefÞcients.In predictionmode,we usedthede-
rived coefÞcientsto predict the frame decodingtimes for
severaltranscodedcommercialDVDs, which werenot part
of the training set. The promisingresultscan be seenin
Table2.

Detailed results for the DVD "The Sixth Sense",
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for "The Sixth Sense" video.



transcodedto MPEG-4pt. 2, arepresentedin Figures14Ð
16. Therelativeerrorhasanaverageof $ 2.8%atastandard
deviation of 3.9% (error rangesfrom $ 42.6% to 16.1%
with an 95% quantile of 0.92ms, meaningthat 0.92ms
overprovisioning yields 95% overpredictedframes). The
absoluteerrorhasanaverageof $ 0.27msat a standardde-
viationof 0.37ms(errorrangesfrom $ 5.97msto 2.88ms).
Negative errors here meanthat the prediction underesti-
mated,positive errorsimply overestimation.The correla-
tioncoefÞcientof predictedagainstmeasuredvaluesis 0.99,
sothepredictionis quiteaccurate.In particular, wecanpre-
dict not only the long-termbehavior of the decodingtime,
but alsoshort-termßuctuationsascanbe seenenlargedin
Figure16. [23] usesthetermsÒstructuralloadßuctuationÓ
andÒstochasticalloadßuctuationÓfor theselong-termand
short-termvariationsrespectively. We believe, now that
bothcanbepredicted,thetermÒstochasticalÓshouldbere-
considered.

We also testedthe predictionquality undercompletely
different and extreme conditions: a PowerPC system
(PowerBookG4 1.33GHz runningMac OSX 10.4),train-
ing thecoefÞcientswith thesamesetof shortlearningclips
andthenpredictingthedecodingtimesfor theAmazonad-
vancedsimpleproÞlehigh deÞnitionvideo. Here the rel-
ative error hasan averageof 3.2% at a standarddeviation
of 4.5% (errorrangesfrom $ 43.1% to 16.5%). Theabso-
lute errorshows anaverageof 3.31msat a standarddevia-
tion of 4.66ms(errorrangesfrom $ 25.13msto 17.53ms).
GiventhatthecoefÞcientshavebeenderivedfrom standard
deÞnitioncontent(i. e., the training set doesnot contain
HD content)andarenow appliedto a high deÞnitionvideo
with aboutfour timestheframesize,we think theseresults
areoutstandinganddemonstratethe robustnessof our ap-
proach.

6.2.2.Overhead Theaverageoverheadintroducedby the
online metrics extraction for the above Amazon HDTV
video is 5.6%. The main sourcefor overheadis the bit-
streamparsing and macroblockdecompression.Directly
accessingsinglemacroblocksin the compressedstreamis
not possible,asthereis no index facility. The only means
of Þndingthe position of a macroblockis to decompress
the completeprecedingbitstreamin the slice. A possible
approachis to split the decoderin two andparseandde-
compressthe bitstreamin the Þrst part. The metricscan
thenbeextractedfrom thepreprocesseddataandthesecond
decoderpartwoulddotherestof thedecoding,usingtheal-
readydecompressedmacroblocksasaninput. Wewantedto
avoid suchconstructionsbecausethey usuallyrequireheavy
modiÞcationsto decodercode,so new decoderimplemen-
tationswould bedifÞcult to deploy. Altenbernd,Burchard,
andStapperthave takenthisapproachin [11], andthey also
endedupwith overheadsof 4Ð9%, dependingonthevideo,
sotheremaynotbemuchbeneÞtin pursuingthis.

Anotherway to reducetheoverheadwould beto not de-
codethe motion vectorsthat we useto predict the tempo-
ral predictionstepasdiscussedin Subsection3.3.7. This

would lower the overheadfrom 5.6% to 4.1%, but would
alsoreducethequality andtransferabilityof the prediction
coefÞcients.

6.2.3.MPEG-1/2 We usedtwo videoswith differentres-
olutions that cover both MPEG-1 and MPEG-2 to train
the predictoranddid a thoroughevaluationof our method
with somecommercialDVD material.Thegoodresultsin
Table 2 have again beenmeasuredon an AMD Sempron
2200+machine(1.5GHz).

6.2.4.Summary Althoughsmallpartsstill coulduseim-
provement,we think theoverall goalof accuratelypredict-
ingdecodingtimesfor MPEG-1/2andMPEG-4pt.2 in both
the simpleandadvancedsimpleproÞleshasbeenaccom-
plished.Theprediction coefÞcientsderivedfrom onesetof
learningvideoscanbeappliedtoawiderangeof contentnot
includedin thelearningset, whichis critical to futureappli-
cationsÕusability, becauseit reducestheamountof learning
necessaryfor goodresults.

7. Conclusion
Wepresentedthedesignandimplementationof asystemto
predictdecodingtimeswith anup-to-now unmatchedaccu-
racy (avg. errorsdown to $ 0.0%) andacceptableoverhead
(5.6%). The predictionrelieson preprocessingandstatis-
tical evaluationof trainingrunsratherthanrequiringheavy
sourcecodeanalysisor decodermodiÞcations.Thisensures
thatthepresentedresultswill notbeobsoletedby furtherde-
coderdevelopmentsuchascodeoptimizations,becausethe
methodis largely independentof thespeciÞcdecodercode.
For the predictionwe only requireone calibration to the
targetmachinewith a sensiblesetof shorttrainingvideos,
then the predictionworks for othervideos. We alsoveri-
Þedour approachwith materialfrom popularcommercial
DVDs andachievedvery accuratepredictions(i. e.,all rel-
ative errorsof predictionswerebelow 5% andall absolute
errorwerebelow 0.4ms).

8. Outlook
To deal with current or future multimedia requirements
overprovisioningof resources,asit is commontoday, is un-
economic.Here,the predictionof decodingtimesitself is
alreadyhelpful,but theresultsshouldberegardedin alarger
context. Schedulersof futureoperatingsystemswill bene-
Þt from knowing resourceusagebeforehandwhensupport-
ing QoS applications. Our work can provide this knowl-
edgeandshouldbe complementedby researchon percep-
tion models,which could assignsbeneÞtvaluesto video
frames.This would allow framesto competefor CPUtime
on the basisof a true price-performanceratio, resultingin
optimal video presentationeven in high load situationsto
really improve theuserÕs experience.

To compensatefor thecomplexity of futurealgorithms,
the bitstreamparsingoverheadshouldbe reducedsigniÞ-
cantly. The mostpromisingapproachis to pre-determine
the requiredmetricsalreadyduring encodingand embed



DVD Properties Algorithm rel. error(%) abs.error(ms) valuesw/in ± 0.1rel. error valuesw/in ± 0.5msabs.error 95%quantile*

Chicken
Run

animated,
claymation

MPEG-2 " 0.5(5.6) " 0.02(0.28) 96.8% 97.5% 0.32ms
MPEG-4pt. 2 " 4.0(4.8) " 0.32(0.41) 87.7% 71.0% 1.05ms

TheFifth
Element

colorful, fast
action

MPEG-2 " 4.5(5.3) " 0.18(0.20) 86.3% 95.1% 0.49ms
MPEG-4pt. 2 " 2.0(3.4) " 0.18(0.32) 97.0% 82.4% 0.77ms

King Kong
(1933)

still camera,black
andwhite

MPEG-2 " 4.4(4.4) " 0.23(0.22) 90.1% 88.4% 0.60ms
MPEG-4pt. 2 " 2.3(3.3) " 0.23(0.34) 97.8% 78.4% 0.83ms

Lola rennt many fast
steadicamshots

MPEG-2 " 0.0(6.2) " 0.01(0.31) 94.0% 96.3% 0.35ms
MPEG-4pt. 2 " 2.2(4.3) " 0.18(0.39) 93.8% 78.9% 0.82ms

TheSixth
Sense

slow motion,dark
atmosphere

MPEG-2 2.8(7.5) 0.08(0.26) 82.4% 88.5% 0.25ms
MPEG-4pt. 2 " 2.8(3.9) " 0.27(0.37) 94.3% 72.9% 0.92ms

* Increasingthepredictionsby this valueresultsin 95% overestimation.

Table 2. Prediction results for some German Region 2 DVDs without cop y protection. The table lists the average errors with
the respective standar d deviations in brac kets. The MPEG-2 streams have been taken directl y from the DVDs, the MPEG-
4 pt. 2 streams have been created from them with ffmpeg [2] (coding options: -f m4v -vcodec mpeg4 -b 2000 -qpel -mv4 -gmc
-bf2). With both algorithms, the entire movies have been measured.

them at prominent positions inside the bitstream. The
MPEG-4pt. 2 bitstreamalreadycontainsthis conceptin a
complexity estimationheader, whichstoresinformationlike
macroblockandDCT coefÞcientcounts.Unfortunatelythis
headeris optional and the commonencoderimplementa-
tionsdonotmakeuseof it. Futurevideobitstreamsandcon-
tainerformatsshouldmakethisheadermandatory. Weesti-
matea compressedbitrateof 2KBit / s for this information,
which seemsquiteaffordablecomparedto about4MBit / s
for currentVideoDVDs (ca.0.05%).

Anotherchallengeis to furtherautomatethe implemen-
tationof new algorithmslike it hasalreadybeendonewith
columndropping.Onecould think of automaticderivation
of metricsfrom proÞlingrunsandfunctioncall frequency.
This might even lead to resultsfor codecsthat are only
available in binary form. On the other hand, the predic-
tion could be mademorepreciseandit would be an inter-
estingresearchsubjectto includesourcecodeanalysisinto
ourmethodtocompletelyavoidunderestimationsin thepre-
dicteddecodingtimes.
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